Abstract: As per the ASSOCHAM-Resurgent survey (2016), around 70 million people in India shopped for something online, and this number is expected to cross 100 million by 2017. This fact clearly reverberates the fact that Indian e-commerce has come a long way. The objective of this paper is to analyse the factors that influence online shopping behaviour of existing online shoppers of India, with a focus on driving continued usage. The study also examines product-specific purchase behaviour of online consumers through a multi-group moderation analysis conducted for electronics and fashion goods. A comprehensive research model was proposed, integrating relevant constructs from existing literature. The model was, then, empirically tested using structural equation modelling on primary data collected through self-administered survey. Data was collected from 344 online shoppers with prior shopping experience. The results showed that perceived usefulness and perceived risk were the top two significant predictors of online purchase intention for Indian consumers. Based on multi-group moderation analysis findings, the study advocated e-commerce companies to build product-specific strategies as different product characteristics require different channel capabilities to enhance the online shopping experience.
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PUBLIC INTEREST STATEMENT
From selling fashion to grocery through e-commerce portals, the Indian e-commerce market has come a long way. Driven by favourable demographics (young working population), rising middle class, improved Internet penetration, affordable smartphones and Internet connections, India pictures a lucrative and attractive market for global players like Amazon and Alibaba (PWC Report, 2015) . But these opportunities do not come without challenges. In a country as diverse as India, where majority of the customers are price-sensitive and majority of sales numbers are only boosted through umpteen discount deals on various occasions, the long-term sustainability of such discount-driven models is questionable for the long-term profitability of these e-commerce firms. Hence, it becomes an interesting area of research to identify determinant factors and growth drivers specific to Indian consumers. The insights drawn from such a study will empower online retailers in engaging consumers by creating an enhanced online experience.
Introduction
There has been a tremendous rise in the Indian e-commerce sector, and now the overall market is beginning to take notice of its vast potential. According to Google, an Indian connects to the Internet for the first time every three seconds, and the total number of Internet users in India is expected to reach 730 million by 2020 (Nasscom-Akamai . The overall e-commerce market in India was valued at $17 billion in 2016 and projections for the market size by 2020 differ wildly, ranging from $50 billion to $120 billion. Currently, travel is by far the most popular online service, accounting for 61% of total e-commerce transactions, but retail e-commerce is expected to drive the growth in the future. In the last five years, the competitive landscape has changed. Domestic players like Flipkart and Snapdeal are facing strong competition from global giants like Amazon and Alibaba (funding Paytm), along with niche competitors like Pepperfry.com and Firstcry.com in certain categories. This is an indicator of the market gradually approaching mature competition. First-mover and capital dump advantages are both dying out and financial losses are mounting for these players. Reportedly, Amazon, Flipkart and Snapdeal booked combined losses of Rs 11,754 crore in 2016 (Tyagi & Thomas, 2017) . Investors and e-commerce players now have recognized the urgency to come out of this vicious circle of incurring losses to fuel more growth.
E-commerce companies trying to establish footholds in India need to acknowledge that the Indian e-commerce market is different from the US, European or Chinese market. While it is true that the Indian market is poised for exponential growth in the next decade, riding on increased Internet penetration, rising middle class and innovative business models, that will only happen when local challenges are overcome. Amazon's inventory-led model in the United States was successful as it capitalized on existing logistics and payment infrastructure of United States (Wang, 2017) . By contrast, in India, government policies protect offline retailers by restricting online retailers from holding inventory, thus preventing Amazon from replicating its tried and tested model in India. In India, e-commerce retailers are required to operate as marketplaces offering an intermediary platform for buyers and sellers. In case of China, Alibaba's immense growth in the Chinese market was mainly driven by an increase in the income levels of consumers during the manufacturing boom in the economy (Nair, 2017) . In contrast to the United States and China, a large part of the Indian population is poorer and suffers from an ill-equipped infrastructure (both physical and technological, e.g., payment). These factors contribute to making India a tougher market to crack (Sahil, 2016) . According to Redseer Consulting, the average annual Indian online spending in 2017 was somewhere between $120 and $140. In case of China, it crossed the $1800 spending mark (Nair, 2017) . This dissimilarity partly reflects the wide gap in per capita income of the two countries (India-$1800 vs. China-$8100), India and China. In addition to this, India's vast geography, consisting of 6,000 small cities and 6 lakh villages, accounting for 70% of the population, presents a logistic challenge for e-commerce companies to find profitable ways of delivering goods and expanding beyond the current serviceable 200 main cities of India (Nielson Report, 2017) . These discrepancies are validated by the fact that the rise in Internet penetration in India has not converted to increased online shopping numbers. The Internet penetration in India reached 430 million people accessing Internet in 2016, a comparable number compared to 750 million in China (Nair, 2017) . Only 14% of the Internet population, however, shopped online in India, compared to 64% in China in 2017 (Sushma, 2017) . The stark dissimilarities do not end here.
Other factors that explain the differences in the Indian case are digital maturity of online population and effect of discount retailing. In case of United States, China and Japan, e-commerce began its journey sometime in the early 2000s and it took 12-13 years for e-commerce to gain acceptance and become really successful. Whereas in India, e-commerce took off around 2011-12, and most of the online consumers have joined the e-commerce bandwagon in the last three to four years (Melville, 2015) . According to a Morgan Stanley study (2017), online shopping for an Internet user is related to the digital maturity of the user, which, per se, is a function of how long the user has been online. As more and more users cross the 5-year mark in Internet usage, the study states, they would be more likely to transact online. Consistent with that rationale, a huge surge in online shopping is expected by 2020, with half of the Internet population engaged in online shopping (Sushma, 2017) . This expected growth, however, could be affected by the price sensitivity of Indian online shoppers. The price-sensitive behaviour of the shoppers is exacerbated by e-commerce companies, who have made them disloyal and bargain hunters by luring them consistently with incessant discounts. According to Flipkart, more than half of its sales volume comprises of items below $8-10, and most Indian buyers use online shopping for buying low-ticket items (HKTDC Report, 2017) . In order to achieve faster market development, it is clear that e-commerce companies need to find innovative and efficient solutions to these challenges. Going forward, e-commerce companies need to focus on changing customer's buying behaviour through value and differentiation, instead of discounts.
Like the United States and China, electronics and fashion are the top two online retail categories in India (Yadalam, 2015) , although the Indian sales figures are nowhere close to those of the United States and China because the Indian middle class is still emerging with access to a smaller disposable income. In the United States and China, online grocery is highly evolved, and in contrast, India is lagging behind in this area (Yadalam, 2015) . At the end of 2017, online retail was only 2% of the total Indian retail industry (Forrester Research, 2018) . In order to improve this share and to get a meaningful cut of the overall pie, online retailers need to bring in assortments on their platforms to attract more Indian consumer segments that still have not started shopping online. One way this goal can be achieved is by understanding the characteristics of different product categories sold online and by devising product-specific strategies for the targeted consumer segment. An Indian case can serve as an example for other evolving e-commerce markets with similar digital maturity journey.
In summary, the main objectives of this paper are to analyse the factors that influence online shopping behaviour of existing online shoppers of India and also examine the product-specific purchase behaviour of online consumers. With these objectives in mind, we set out to address the following research questions:
(1) What theoretical perspective can help in the formulation of a research model suitable for understanding online consumer behaviour for existing online buyers?
(2) What are the relevant factors and their relationships which influence product purchase behaviour on the online platform?
(3) What insights can be drawn from product-specific behaviour of online buyers for e-commerce vendors and retailers?
A great deal of research effort has been invested in the last few decades for understanding the factors that drive consumer purchase behaviour in traditional and online channels. Researchers have heavily leveraged intention-based frameworks such as theory of reasoned action (TRA) (Fishbein & Ajzen, 1975) , theory of planned behaviour (TPB) (Ajzen, 1991) and technology acceptance model (TAM) (Davis, 1989) as the basis for examining purchase behaviour using purchase intention as a proxy. TPB set down the foundation for understanding voluntary individual behaviour in terms of an individual's attitudes, subjective norms and perceived behavioural control. Adapting this wide-ranging framework to comprehend technology adoption has seen further cross-functional collaboration, resulting in the application of theories like social cognitive theory (Bandura, 1986) and innovation diffusion theory (Rogers, 1962) . TAM emerged as a seminal piece that pioneered the idea of perceived usefulness and perceived ease of use as two vital determinants of technology adoption.
Since the turn of the century, research focus on online shopping behaviour has intensified, especially in developed markets. TAM has featured as the basis for many of these studies (Chiu, Chang, Cheng, & Fang, 2009; Dash & Saji, 2008; Hernández, Jiménez, & José Martín, 2011; Limayem, Khalifa, & Frini, 2000) . Customer trust, as well as perceived risk, has been recognized as the key piece in explaining long-term customer relationships (Chen & Barnes, 2007; Friedman, Khan, & Howe, 2000; Kim, Ferrin, & Raghav Rao, 2008; Lee & Turban, 2001 ). In the face of consumer concern over phishing, hacking and fraud, interest in customer trust has only deepened (Alberto & Montoro, 2007) . Other studies have further augmented our understanding of online purchase behaviour by exploring the roles of customer's self-efficacy and website's characteristics (Belanger, Hiller, & Smith, 2002; Dash & Saji, 2008) .
Studies on online shopping behaviour in the Indian context have been few and far between. Existing literature has focussed on deep dives into specific behavioural factors, often demographics (Khare, Khare, & Singh, 2012) , in a world of discount-driven retail. With the Indian e-commerce landscape maturing fast, we feel the lack of a model that paints a comprehensive picture of the Indian consumer's purchase behaviour while accounting for the huge technological and market movements that have taken place in the last few years. In this study, a comprehensive model has been proposed, consisting of essential constructs driving the Indian consumer's purchase intention and behaviour. To provide specificity to the model, the study focuses on the two biggest categories of online shopping-electronics and fashion-as within the online retail business, fashion and electronics sales heavily outperform sales in other categories (ASSOCHAM-PwC study, 2016; Google & Bain . This allows us to examine the variations in purchase behaviour for electronics and fashion by studying the moderating effects of product type. This paper begins with a review of the relevant literature. Based on the review, a research model is proposed and corresponding hypotheses related to the factors that affect actual purchase behaviour are developed. Then, hypotheses are empirically tested with primary data collected from the survey. Finally, results are discussed followed by implications for e-commerce vendors.
Research model and hypotheses
The current study identifies purchase intention and actual online purchase behaviour as the key outcome variables of the proposed research model (see Figure 1) . We aim to validate the antecedents of purchase intention as well as to understand the moderating effect of product type on the antecedents' relationship with purchase intention. The inclusion of actual purchase behaviour is intended for studying the often-ignored relationship between intention and actual behaviour.
It is worth clarifying that the model aims to examine continued usage, instead of adoption. Given the current state of e-commerce in India, studying factors that drive continued usage offers more relevant insights to online retailers than studying those that drive adoption. As highlighted by Karahanna, Straub, and Chervany (1999) , the antecedents responsible for adoption may differ from those for continued usage. Their study found that perceived usefulness and enhancement in a subject's social image end up being the only determinants of continued usage over multiple other factors relevant for adoption.
Since the subject under study is a consumer, albeit in a non-traditional online context, the factors influencing consumer behaviour in a traditional setting bear investigation. Fishbein and Ajzen (1975) introduced a subject's attitude towards behaviour and its perception of the subjective norms as two key determinants of its intention towards behaviour. Ajzen subsequently extended the framework to include subject's perceived behavioural control, as part of his TPB (1991). Our study is far from being the first one to draw upon TPB's insights; instead, it is safely buttressed by decades of supporting research for traditional as well as e-commerce channels (Amaro & Duarte, 2015; Khare et al., 2012; Limayem et al., 2000; Pavlou, 2002) .
Intention to use online shopping is further confounded by the consumer's behavioural traits specific to use of e-commerce technology. TAM has been used with much support to unpack the determinants of online user behaviour. Its two key constructs, perceived usefulness and perceived ease of use, have been empirically validated by numerous studies.
In our model, perceived ease of use is replaced by a similar construct-perceived self-efficacy. Davis, one of the authors of TAM, highlighted (Davis, 1989 ) that Bandura's concept of self-efficacy is similar to perceived ease of use. He explained that TAM's perceived usefulness and perceived ease of use are basic determinants of user behaviour in the same way as self-efficacy judgements and outcome judgements, as proposed by Bandura. He proceeded to confirm that perceived ease of use is similar to self-efficacy, the only drawback of using the latter being that it has to be adapted to the situation. We have chosen perceived self-efficacy over perceived ease of use, due to stronger support for the former in empirical studies, compared to the latter (Hernandez et al., 2011; Khalifa & Shen, 2008; Sentosa & Mat, 2012) . Perceived self-efficacy in our model also replaces perceived behavioural control from TPB. Perceived behavioural control has self-efficacy and facilitating conditions (Bhattacherjee, 2000) as its antecedents, even though facilitating conditions is an important factor for adoption of online shopping in India. But given our focus on continued usage, we assume that facilitating conditions for online shopping for a user would not change dramatically over continued usage. Therefore, we focus on self-efficacy's effect on purchase intention instead. We have further augmented the model with trust and perceived risk. Since online shopping goes beyond the common use of a website for non-transactional purposes, the significance of trust in the online platform, the seller and intermediaries becomes paramount, as does the consumer's perception of risk that is involved during the transaction. The role of trust and perceived risk as outsized determinants of consumer behaviour in the online shopping context has been demonstrated by existing research (Chen & Barnes, 2007; Kim et al., 2008; Lee & Turban, 2001) . Counterfeiting, phishing and payment scams have been major problems in the Indian e-commerce market. That is why consumers are still afraid of making prepaid orders and cash on delivery is the most preferred method of placing orders online (Sahil, 2016; Yadalam, 2015) .
Similar to the research paradigm followed by Lian and Lin (2008) , our study first identifies the relevant determinant factors from extant literature regarding purchase intention and purchase behaviour. Then, in the second step, different product types are zeroed in, based on which the variation in online purchase behaviour of consumers needs to be studied. Figure 1 shows the proposed research model with antecedents, moderating and outcome variables.
Purchase intention and actual purchase behaviour
Purchase intention for online shopping is defined as the measurement of willingness of a consumer to make purchase online through an online retailer. As explained in theories like TRA and TPB, this study is interested in understanding the voluntary usage behaviour of online consumers. Introduced by Ajzen (1991) , intention has been used in many e-commerce and m-commerce studies either as a direct antecedent to online purchase behaviour or as the outcome variable replacing actual purchase behaviour (Dash & Saji, 2008; Limayem et al., 2000; Venkatesh, Morris, Davis, & Davis, 2003) . Taylor and Todd (1995) asserted that behavioural intention is a good predictor of usage behaviour for people with previous experience and familiarity with technology. Sheppard, Hartwick, Warshaw, and Hartwick (1988) conducted a meta-analysis and found strong empirical support for using intention to predict the performance of behaviour. Consequently, in our study, we posit that for existing online buyers with prior experience, their actual usage behaviour will be largely influenced by purchase intention:
H1: Purchase Intention has direct effect on actual purchase behaviour.
Attitude and subjective norms
Attitude is one of the two key determinants of voluntary behaviour, initially proposed in the TRA (Fishbein & Ajzen, 1975) and further extended in TPB (Ajzen, 1991) . In these theories, attitude was defined as the outcome of beliefs held by the subject regarding the consequences of an action in terms of favourableness or unfavourableness. In any decision-making process, these prior cognitive beliefs stored in memory are readily available and they influence the decision (Fazio, Ledbetter, & Towles-Schwen, 2000) . The current study defines attitude towards online shopping as a result of an individual's inherent beliefs about the merits of using online shopping, which implies that if the individual's attitude towards online shopping is positive, they would find and utilize avenues to use the online medium for shopping. In previous e-commerce studies, attitude towards online shopping has been studied as one of the key determinants of online consumer behaviour (Hernández et al., 2011; Limayem et al., 2000; Lin, 2007; Venkatesh et al., 2003; Zendehdel, Paim, & Osman, 2015) . Hence, we hypothesize that attitude plays an important role in users' intention to use online shopping.
Subjective norms represent the second key determinant of TRA that this study has adopted. Subjective norms are defined as the social pressure that the subject feels from its social connections towards the use of online shopping. In prior researches, subjective norms or social influence have been studied in detail in the context of online consumer behaviour (Khare et al., 2012; Limayem et al., 2000; Lin, 2007; Zendehdel et al., 2015) . Thus, we postulate that the subjective norms are instrumental in driving intention to use online shopping.
H2: Attitude has positive and direct effect on purchase intention. H3: Subjective norms have direct effect on purchase intention.
Perceived usefulness
Perceived usefulness, introduced under TAM, is a widely understood, accepted and empirically validated factor towards understanding technology adoption and use. Davis (1985) defined perceived usefulness as the degree to which a particular technology can improve the subject's job performance, in its own view. Dash and Saji (2008) further defined it in the context of online shopping as the "degree to which a consumer believes that using the system from a website would provide access to useful information, comparison and faster online shopping." The current study adopts this definition for its comprehensiveness in capturing different aspects of online shopping systems.
Multiple studies have validated the significance of perceived usefulness in the context of technology (Chiu et al., 2009; Dash & Saji, 2008; Hernández et al., 2011; Sentosa & Mat, 2012) . We hypothesize that its significance holds for online shopping in the Indian context as well.
H4: Perceived usefulness has positive and direct effect on purchase intention.
Perceived self-efficacy
Alberta Bandura promoted the role of self-efficacy in human behaviour or "human agency" in cases that require behavioural change (Bandura, 1977 (Bandura, , 1986 . Self-efficacy was defined as the subject's perception of its ability to control and exert influence over an action or a behavioural change. As indicated in the definition itself, self-efficacy embodies perceived behavioural control as put forward by TPB. Aside from the range of applications explored by Bandura himself, from understanding anxiety to influencing at-risk behaviour among AIDS patients, other researchers have empirically validated the theory in the e-commerce space (Eastin, 2002; Igbaria & Livari, 1995; Koufaris, 2002) . Igbaria and Iivari (1995) explained that the users with low perception of their self-efficacy in controlling computers tend to avoid them. Users in their study (in Finland) displaying higher selfefficacy used computers more and even sought more management support to facilitate their usage. They argued that perceived usefulness alone will not drive an individual's usage against a low perception of own capabilities, thus making a case for organizational support for new technologies. Eastin (2002) found self-efficacy to be the most important predictor of online shopping, among five other factors, i.e., prior use of telephone, perceived risk, Internet use, perceived convenience and perceived financial benefits. He observed that self-efficacy played a much bigger role in online shopping compared to other e-commerce activities like online banking, online investing and online services.
It stands to reason that perceptions of self-efficacy will affect subject's attitudes towards technology. Similarly, subjective norms, as well as organizational support, will influence an individual's perceived self-efficacy. However, our focus, instead of understanding the antecedents of self-efficacy, is on understanding its influence on purchase intention.
H5: Perceived self-efficacy has direct effect on purchase intention.
Trust
The role of trust in buyer-seller relationships has been of paramount interest to researchers, even in traditional offline business transactions. The importance of trust is all but amplified by the "spatial and temporal separation" between the buyer and seller in the online world (Chiu et al., 2009) . As recapitulated well by Dash and Saji (2008) , trust for buyers involves an expectation of competence as well as benevolence from the seller. Competence is often perceived by tangible characteristics of the online system, e.g., firm's size and reputation (Bramall, Schoefer, & McKechnie, 2004 ), website's characteristics like privacy and security (Bart, Shankar, Sultan, & Urban, 2005) . Benevolence represents a confident belief from the buyer that the seller will forego opportunities to exploit the buyer's vulnerabilities.
Lack of trust in online shopping has been found to lead to lower willingness to shop online (Chen & Barnes, 2007; Lee & Turban, 2001; Pavlou, 2002) . A positive trust relationship, conversely, would lead to a positive effect on intention to shop online.
H6: Trust has direct effect on purchase intention.
Perceived risk
Perceived risk is defined as the potential loss, monetary or non-monetary, perceived by a consumer when contemplating a purchase online compared to the same purchase offline. This definition is modelled on a similar one used by Amaro and Duarte (2015) for online travel. It also draws from Cox and Rich's (1964) insights that the loss experienced by the buyer, in addition to being monetary, may be related to loss of time, frustration, etc.
Perceived risks in online transactions have been widely studied. Those leading to financial loss, potential violations of privacy and security and product quality losses are often considered the dominant ones (Bhatnagar, Misra, & Raghav Rao, 2000; Chen & Barnes, 2007; Kim et al., 2008) . Examples of financial loss abound, be it in the form of credit card fraud, payment system failures or even user errors that turn contentious. Privacy concerns related to perceived (and often actual) lack of control over Internet's collection and use of consumer's private information (Alberto & Montoro, 2007) are quite prevalent. Security risks include threats related to unauthorized access, denial of service, threat to data integrity, etc. (Belanger et al., 2002) . Product risk, according to Bhatnagar et al. (2000) , varies based on not only the technological complexity of the product, but also whether the product is attached to a consumer's self-image, e.g., sunglasses. Many of these risks may be overstated and could be countered through information (Friedman et al., 2000) .
The current study has decided to focus on perceived risks of the above types. The conjecture is that higher perceived risks would detract consumer interest from online shopping and drive it towards offline alternatives.
H7: Perceived risk has negative and inverse effect on purchase intention.
Moderating effect of product type
Several product classifications have been discussed in the literature in the context of the online retail domain (Alba et al., 1997; Klein, 1998; Peterson, Balasubramanian, & Bronnenberg, 1997) . Nelson (1974) divided the products into two categories: search and experience goods. "Search goods" are those goods that can be evaluated completely based on information available before purchase, whereas "experience goods" require personal experience and involvement with the product. Fashion, in our case, lies towards "experience goods" end of that continuum and electronics products belong to the "search" category. Chiang and Dholakia (2003) used the same classification and determined that the consumer's intention to shop online was greater for search goods than experience goods. Girard, Silverblatt, and Korgaonkar (2002) studied the influence of product type on consumer preferences for online shopping based on e-tailers' attributes like convenience, security/privacy, perceived value, customer service, retailer reputation, etc. Lian and Lin (2008) and Keisidou, Sarigiannidis, and Maditinos (2011) tested the relationships of personal innovativeness of information technology (PIIT), self-efficacy, perceived security, privacy and product involvement with consumer attitude and studied how they varied for different product types. Chiu et al. (2009) also termed product type as a potential moderator and recommended it for future studies.
Recently, PwC Total Retail Survey (2017) also gave a glimpse into the variations in online purchase behaviour between different product types. Some differences that are captured include differences in how consumers research, what platform they use for research and purchase and frequency of purchases. How do the aforementioned antecedents behave when moderated by product type? Existing research does not have a clear answer to this question, certainly not in the Indian context. As online shopping is getting segmented by products and market has matured with more players with product niches; the product-based differences in purchase behaviour can be expected to garner vital interest in Indian markets soon as well.
For certain antecedents, i.e., perceived risk, trust and perceived self-efficacy, existing research (e.g., Bhatnagar et al., 2000; Chiang & Dholakia, 2003; Lian & Lin, 2008; PwC Total Retail Survey, 2017) guides us towards a directional hypothesis. For the remaining antecedents, we hypothesize that product type would have a moderating effect but the direction of the effect is to be tested.
H8: Product type has a moderating effect between attitude and purchase intention.
H9: Product type has a moderating effect between subjective norms and purchase intention. H10: Product type has a moderating effect between perceived usefulness and purchase intention.
H11: Product type moderates the positive effect of perceived self-efficacy on purchase intention such that it is smaller for fashion than for electronics.
H12: Product type moderates the positive effect of trust on purchase intention such that it is smaller for fashion than for electronics.
H13: Product type moderates the negative effect of perceived risk on purchase intention such that it is smaller for fashion than for electronics.
Research methodology

Sampling
The research methodology included primary data collection through a questionnaire survey. As there was no reliable sampling frame available for employing probability sampling methods, a combination of purposive, convenience and snowball sampling was used to collect data for the study. This approach is in line with recommendations from researchers in online domain for such scenarios (Amaro & Duarte, 2015; Chiang & Dholakia, 2003; Goldsmith & Horowitz, 2006) . Participants were asked screening questions in section II of questionnaire to ensure they possessed sufficient prior shopping experience, given the study's focus on purchase behaviour of existing online buyers. Questionnaires were distributed to online buyers during the period of 1 March 2017 to 30 April 2017. Questionnaires were mostly circulated among respondents through email and with the help of social media (Facebook, WhatsApp and Telegram) . Most of the respondents (85%) turned out to be from three metropolitan cities of India, i.e., Delhi, Mumbai and Bangalore. According to ASSOCHAM-Resurgent study in 2016, these three cities were also found to be among the top three spenders with respect to online shopping (Banerjee, 2017) .
A total of 574 online buyers were contacted through questionnaires, but since the questionnaire used in this study was quite exhaustive, only 483 filled questionnaires were returned. Thus, the response rate of the questionnaire survey was 84.14%. Out of the total, only 344 complete questionnaires with no missing value were found useful for the purpose of study. There are many views regarding suitable sample size in the context of structural equation modelling (SEM). Usually, a sample size of 100-200 is considered adequate for performing SEM (Kline, 2005; Tabachnick & Fidell, 2001; Teo & Noyes, 2014) . For multi-group modelling, the thumb rule is 100 cases or observations per group (Kline, 2005) . Another widely accepted rule for sample size is that it should be 10 times the number of items that are observed in the research (Nunnally, 1978) . As our sample meets these guidelines, we conclude the sample size to be adequate.
The survey was self-administered with instructions provided by the researchers. The participation in the survey was voluntary, and no extra rewards or incentives were provided to respondents. Hence, it can safely be assumed that no response bias occurred in recording data.
Instrument development
The questionnaire was divided into three sections: the first section was intended to elicit demographic information about the respondent like age, gender, occupation and education; the second section catered to questions regarding the Internet experience and familiarity of the respondents towards Internet and online shopping; and the third section was designed to extract information measuring customer's perception of the constructs (perceived usefulness, perceived risk, attitude, subjective norms, perceived self-efficacy, trust, intention to use and actual purchasing behaviour (APB)) used in the research model.
All the question items used in the questionnaire were adapted from literature, wherever possible. To increase the validity and precision of the instrument with respect to the Indian environment and to foresee any problems that could arise during data collection, a pilot test and pretest were conducted. A pilot questionnaire was formulated and circulated among 22 doctoral students majoring in ITrelated courses. The primary objective was to understand how much time respondents took to fill out the questionnaire, the difficulty level of the questions, the consistency and relevance of questions (Chiu et al., 2009) . Two questions were dropped from the questionnaire based on the analysis and feedback from pilot test as the participants noted that those questions appeared redundant in the company of other measuring items. Additionally, language and wordings of questions were also simplified and modified to facilitate Indian respondents' understanding and make the questionnaire easy to comprehend, in general. The final questionnaire (section III) consisted of 33 question items for eight constructs. These constructs are "Perceived usefulness or PUse" (6 items), "Perceived risk or PRisk" (6 items), "Perceived self-efficacy or PSE" (3 items), "Trust" (6 items), "Attitude" (4 items), "Subjective norms or SNORM" (3 items), "Purchase intention or PINT" (3 items) and "Actual purchase behaviour or APB" (2 items).
Afterwards, a medium-scale pretest of the questionnaire was conducted with the help of a sample of 75 undergraduate students. Many studies have advocated the fact that student sample is suitable for online behavioural studies (Cassis, 2007; Delafrooz, Paim, & Khatibi, 2011; Lian & Lin, 2008) . Exploratory factor analysis was performed to examine whether the items produced the anticipated number of factors and whether the individual items were loaded on their appropriate factor as expected. Principal component analysis with varimax rotation was used to extract the number of factors. For adequacy, KM Bartlett's test of sphericity and Kaiser-Meyer-Olkin (KMO) measure of sampling adequacy were conducted. A KMO index of 0.5 and above indicates the adequacy of the data for performing factor analysis (Kaiser, 1974) . For the pretest data, the KMO value was 0.926 and Barlett's test observed a significance level of 0.000 with a chi-square value of 13,794.968, thus meeting the adequacy requirements.
For examining the reliability of each construct, Cronbach's alpha coefficient was calculated. According to Nunnally (1978) , Cronbach's alpha values are dependent on the number of items in a construct and it should have a minimum value of 0.7. As reported in Table 1 , values for all the constructs are greater than 0.7 (all values between 0.815 and 0.922), establishing construct reliability. For evaluating construct validity, both discriminant and convergent validity need to be examined. In Table 1 , we see clean factor structure showing factor loadings for each construct and it is also evident that there are no cross-loadings among factors. All the factor loadings are above the minimum cut-off level of 0.5 (Hair, Black, Babin, & Anderson, 2010) , establishing convergent validity for the constructs, and the absence of cross-loadings confirms discriminant validity for the constructs. Thus, the above results indicated that no further modifications in the questionnaire were needed and that it was ready for the main study.
The items for measuring perceived usefulness (PUse) were adapted from Dash and Saji (2008) . Items used for measuring perceived risk (PRisk) were adapted from Khare et al. (2012) . Trust questions were taken from Chiu et al. (2009) . Attitude questions were based on Limayem et al. (2000) and Hernández et al. (2011) . Items for measuring subjective norms (SNorm) were adapted from Limayem et al. (2000) . Perceived self-efficacy (PSE) questions were based on Hernández et al. (2011) . Items for measuring intention to use (PINT) were taken from Sentosa and Mat (2012) . APB questions were adapted from Lin (2007) .
A summary of all questionnaire items is presented in Table 2 . The questions pertaining to the key constructs have a 5-point Likert scale format (1 being "strongly disagree" to 5 "strongly agree"), and other general questions have tick response format. The construct-related questions have corresponding responses for fashion (apparel and accessories) and electronics (mobiles, computers, etc.) product categories separated out in two columns. While answering the questions, the respondents were advised to imagine how they felt about the questions while doing online shopping for fashion or electronics products in an online environment (i.e., desktop and laptop).
Data analysis and results
In this research, SEM has been chosen for data analysis and theoretical model testing. SEM is a multivariate technique where multiple equations can be simultaneously estimated and errors in each variable can be independently assessed (Hair et al., 2010) . SEM also has the capability to represent concepts that are not directly observable or measurable, such as latent variables contained in this research model. This tool also has the ability to verify the consistency of the model with the data and estimate the interrelationships among the constructs. It is also useful for performing path analysis (Turner & Reisinger, 2001 ).
IBM's Amos v21.0 software package was used for SEM and Statistical Package for Social Sciences (SPSS v21.0), also from IBM, for factor analysis. Maximum likelihood method was used to assess both measurement and structural model (Arbuckle, 2003) . Purchasing through the Web is enjoyable.
My general opinion of e-commerce/m-commerce is positive.
Using the Internet to purchase a product seems an intelligent idea to me.
Subjective
The members of my family (e.g., parents, spouse, children) think that I should make purchases through the Internet.
Norms
The media frequently suggest to us to make purchases through Internet.
My friends think that I should make purchases through Internet.
Trust
Based on my experience with the online store in the past, I know it is honest.
Based on my experience with the online store in the past, I know it cares about its customers.
Based on my experience with the online store in the past, I know it is not opportunistic.
Based on my experience with the online store in the past, I know it keeps its promises to its customers.
Based on my experience with the online store in the past, I know that the transactions will be successful.
Based on my experience with the online store in the past, I know it is trustworthy.
Perceived I feel capable of buying a product on the Internet.
Self-Efficacy I feel capable of finding shopping sites on the Internet.
I feel comfortable looking for information about a product on the Internet.
Perceived Risk I think online websites are risky for financial transactions.
I worry about the safety in using the credit card.
I worry that my personal information may be misused if I shop online.
I worry if the products ordered through online websites would be delivered.
I am not comfortable with the security aspects of online transactions.
I worry about the quality of the product that may be delivered if I order through online websites Perceived Usefulness Online store offers more useful information about the choices available.
Online store improves my ability in assessing products online.
Online store enhances my effectiveness to purchase products/services online.
Using the Internet for shopping saves me money.
Online store eliminates time constraint, so I can purchase products at any time I like.
Online store is more user-friendly than an existing physical store.
Purchase Intention Given that I had access to Internet purchasing, I predict that I would use it.
I intend to use Internet purchasing in the future.
I intend to use Internet purchasing as much as possible.
Actual Purchase Behaviour
I prefer online shopping for buying fashion/electronics products.
I frequently use online shopping. 
Profile of respondents
The details of these respondents are reported in Table 3 . Out of the total of 344 respondents, 65% were male and the remaining 35% were female, which has been highlighted in many national surveys in India (ASSOCHAM Study, 2017; eShopworld Report, 2017) . Regarding occupational background, the sample consisted of around 20% students, 53.8% office workers, 8% selfemployed and 18.3% homemakers. Similarly, around 10% of the respondents were in the under-18 age group; 32% were in the age bracket of 18-25; 43% belonged to the age group of 25-35, 11% were in the age group of 35-45 and the rest 4% were in the above-45 age group. According to ASSOCHAM survey (2016), the distribution of regular online shoppers in India based on age group is as follows: 18-25 (38%), 26-35 (52%), 36-45 (8%) and 46-60 (2%) (Narasimhan, 2016) . The same fact is reiterated by the eShopworld , which provides the age-and gender-wise demographic profile of Indian shoppers for 2016 based on insights derived from eShopWorld data, Statista, WorldBank, OECD and other industry sources. Thus, it can safely be assumed that the respondents' profile in our survey is similar to the national demographics of online buyers.
Descriptive statistics
For both fashion and electronics groups, the sample size was 344 for each group as the respondents provided separate data points for each group by responding to the same question twice for each group. After screening data for missing values, normality tests were performed on the data as normality is an important consideration before carrying out SEM. To test univariate normality, the acceptable values for skewness and kurtosis are between −2 and +2 (Field, 2009; Gravetter & Wallnau, 2014; Trochim & Donnelly, 2006) . As shown in Table 4 , in our data, the skewness values range from −1.06 to 0.062 and values of kurtosis vary between −0.56 and 0.59. Additionally, standard deviation values are between 0.68 and 0.84 on a 5-point scale, indicating that the data is suitable for SEM analysis (Teo & Noyes, 2014) .
Confirmatory factor analysis
The results of confirmatory factor analysis (CFA) are divided into two components: one for measurement model and the other for structural model (Anderson & Gerbing, 1988) . The measurement model examines the relationship between latent variables and observed variables, whereas the structural model performs the path analysis among the latent variables. Measurement model assessment was conducted for construct validity, invariance test and goodness of fit. Once a satisfactory measurement model is achieved, the structural model is developed for studying the structural relationship between the constructs through path estimates. 
Model fit-measurement model
The first step in CFA is to analyse the model fit values of the measurement model. In Figure 2 , measurement model of the constructs used in the model is displayed. All the items in the constructs have loadings greater than the minimum cut-off of 0.7, as shown in Figure 2 . The chisquare to degrees of freedom ratio (CMIN/df), root mean square error of approximation (RMSEA), comparative fit index (CFI), standardized root mean residual (SRMR) are used to measure the fit of the model. Model fit values with their cut-off criteria (Li-Tze & Bentler, 1999) are shown below in Table 5 (Gaskin & Lim, 2016) , indicating that the goodness of fit for our measurement model is adequate. The second step of the measurement model is to assess the construct reliability and validity of the instrument by examining both convergent and discriminant validity. 
Reliability and validity
Convergent validity shows the degree of confidence that the questionnaire items are adequately measuring the construct or they converge to a specific construct. To test convergent validity, average variance extracted (AVE) is calculated, which measures the level of variance captured by a construct versus the level due to measurement error (Fornell & Larcker, 1981; Hair et al., 2010) . The minimum accepted value for AVE is 0.5 (Li-Tze & Bentler, 1999). As shown in Table 6 (Gaskin & Lim, 2016) , the AVE values for all constructs in our study are greater than 0.5, ranging from 0.582 to 0.855. Thus, the results conform to convergent construct validity test. Table 6 . CFA-Validity and reliability For discriminant validity check, the square root values of AVE (shown on the diagonal) are compared with all other inter-factor correlations, and the square root AVE values should be greater than the values of correlations with other factors (Lee, Choi, & Kang, 2009 ). In the correlation matrix shown in Table 6 , all such values are greater than the correlations and all correlations are lower than 0.80, which confirms discriminant validity for our data. We also calculate composite reliability (CR) to measure the reliability of constructs used in the model. CR is considered a less biased estimate of reliability than Cronbach's alpha. The minimum accepted value of CR is considered to be 0.7 (Hair et al., 2010) , and all latent variables in our model demonstrate good reliability with CR values greater than 0.7 for all the constructs.
Invariance test
In the final stage of the analysis, we plan to conduct a multi-group moderation test on the structural model with a categorical moderator variable called product type. Hence, it becomes imperative to conduct configural, metric and scalar invariance tests on the measurement model. The invariance tests are considered necessary to confirm the equivalence of constructs so that any difference detected after that could be related to the moderating effect (Byrne, 2010; Hair et al., 2010) .
Configural invariance indicates that the specified model fits the data well in all groups. For testing configural invariance, two groups were created in the measurement model, Fashion and Electronics, and then the model was run freely (without constraint). As shown in Table 7 (Gaskin & Lim, 2016 ), all the model fit values are above the cut-off criteria, indicating that the data fits both the groups and the factor structure across is same. Metric invariance test is considered a stronger test of invariance. For metric invariance test, first, the measurement model with two groups is run freely and then the model is constrained to be equal across groups. After that, chi-square difference test is performed on the values obtained from the two model runs. The results are shown in Table 8 ; the p-value (0.934 > 0.05) indicates that the chi-square difference is not significant and groups are not different at the model level in our case.
The third step of measurement invariance involves testing the equality of intercepts across groups (Campbell, Barry, Joe, & Finney, 2008) , also known as scalar invariance. In other terms, it is validated that both the groups use the response scale in a similar way (Steenkamp & Baumgartner, 1998) . Therefore, if scalar invariance is not achieved, then measurement invariance is not fully supported. For scalar invariance test, the model is constrained across groups for intercepts and then the chi-square difference test is performed for assessing the significance. As shown in Table 8 , the p-value (0.103 > 0.5) indicates that full scalar invariance is achieved for our measurement model.
Structural model analysis
To test the hypothesized framework, a structural model displaying structural relationships between the studied constructs is shown in Figure 3 . For assessing the model, model fit indices were calculated as shown in Table 9 (Gaskin & Lim, 2016) . The values for chi-square with degrees of freedom (CMIN/df) = 1.7, CFI = 0.975, SRMR = 0.034 and RMSEA = 0.032 provide enough evidence for standard model fit. As evident in Table 9 , all the model fit values are well above the commonly acceptable levels. Hence, the model was deemed suitable for further path analysis and hypothesis testing.
Path analysis
In Figure 3 , standardized path coefficients are shown. As R-squared (R 2 ) value for the model at APB construct is 0.59, it indicates that model accounted for 59% variance in APB. As per Henseler, Ringle, and Sinkovics (2009) , if the R 2 value is greater than 0.5, then the model has moderate predicting power. Hence, it can be safely stated that our model has good explanatory power for the dependent variable, APB Results for path analysis and hypothesis testing are reported in Table 10 . Standardized path coefficients and their statistical significance for each relationship are shown along with the p-value. All the relationships in this model are found to be statistically highly significant at 99% confidence level (i.e., p-value < 0.001). All the hypotheses (H1 to H7) are accepted, with perceived usefulness (β = 0.349) found to be the most important factor in predicting purchase intention and eventually, actual purchase behaviour. Perceived risk (β = −0.27) was also found to be a significant contributor in impacting purchase intention and actual purchase behaviour.
Multi-group moderation analysis
To examine the moderating impact of product type on the relationships between the predictor variables and observed variables, multi-group analysis was performed as product type is a categorical moderator. Two groups were created according to the product type, i.e., Fashion and Electronics. For both groups, the data set contained 344 items, equivalent to the sample size of the study. For the first time, the model was run unconstrained to freely estimate all the path coefficients. The model results of both groups are shown in Figure 4 . Then, the model was run after constraining one path at a time and for each path, chi-square (χ 2 ) difference test was performed at each path level (Jöreskog & Sörbom, 1993) . In chi-square (χ 2 ) difference test, the differences between the chi-square values from both groups are analysed at each path level and if the differences are found significant, then the path exhibits moderating effect caused due to the moderator. The results of multi-group moderation analysis are shown in Table 11 .
From Table 11 , it is clear that other than the relationship between perceived usefulness and purchase intention, all other relationships do not display significant difference among the two groups. PUse-PINT relationship has a significant difference (Δχ 2 = 4.029) at 95% confidence level (p < 0.05), and this relationship exhibits moderation effect due to product type. The product type moderation on this path implies that online consumers find more perceived usefulness while buying electronics than buying fashion online. The finding also indicates that in the online environment of desktop and laptop, online consumers recognize more benefits and sense more satisfaction in online shopping in case of buying electronics rather than fashion. Thus, only hypothesis H10 is accepted and rest all six hypotheses (H8 to H13) are not supported.
The R 2 values at actual purchase behaviour in both groups (Fashion and Electronics) are above 0.5 (R 2 = 0.61 for Fashion, R 2 = 0.55 for Electronics; Figure 4 ) level, indicating that both models have good predicting power and they explain the observed variable moderately well. The results show that the structural model as a whole explained 61% of the variance in the actual purchase behaviour of online consumers for fashion products and 55% for electronics products.
Discussion and conclusion
Most of the existing literature on online purchasing behaviour has focussed mostly on developed markets such as the United States, Europe, China and Malaysia. Hence, from the outset, the main goals of the present study were threefold: (1) to propose a research model based on existing literature and test it in the Indian context as there are not many such studies done in the past; (2) to identify factors that are most relevant for online vendors in retaining customers as this study The path specified was constrained to be equal across the two product groups. *p < 0.05, ns: not significant. highlights the online consumer behaviour of consumers who already have experience with the online channel; and (iii) to study the moderating effect of product type on the medium (i.e., desktop and laptop) of online shopping. As discussed above, in the "Results" section, the results provide strong support for the theoretical proposed model. The overall results indicate that perceived usefulness, perceived risk, trust, perceived self-efficacy, attitude and subjective norm were all significant determinants of purchase intention and ultimately, actual purchase behaviour.
The present research establishes the fact that perceived usefulness of a website encourages the customer to buy online and is the most important driver of online purchases. This result is consistent with extant literature which suggests that online shopping behaviour is influenced by the consumer's perceived usefulness (Chiu et al., 2009; Dash & Saji, 2008; Venkatesh & Davis, 2000) . Some of the past studies have used convenience-related constructs like perceived benefit, innovativeness, etc., to study purchase intention in place of perceived usefulness and found similar results (Amaro & Duarte, 2015; Escobar-Rodríguez & Bonsón-Fernández, 2016; Forsythe, Liu, Shannon, & Gardner, 2006) .
In earlier studies, it was found that perceived risk is an important antecedent of online shopping (Biswas & Biswas, 2004; Forsythe et al., 2006; Zendehdel et al., 2015; Zimmer, Arsal, Al-Marzouq, & Grover, 2010) . In many other studies, it was found that perceived risk is one of the common barriers in the context of online shopping transactions. These findings are reaffirmed in our study, which empirically demonstrated that perceived risk has negative and direct impact on purchase intention, which in turn impacts actual purchase behaviour. One of the reasons due to which many consumers in India still prefer cash on delivery mechanism above online payments (CII Report, 2016) . Our findings are in sync with those of Amaro and Duarte (2015) , who commented that despite increasing trust of consumers in computer systems and online shopping, perceived risk continues to negatively affect online travel purchase intention.
Trust has been a salient factor in purchase intention, customer relationship building and website loyalty (Amaro & Duarte, 2015; Chiu et al., 2009; Kim et al., 2008; Zimmer et al., 2010) . Our results also emphasize on the importance of trust for purchase intention, though in our study trust is not the most important factor. A possible explanation for this can be that our study is focussed on understanding shopping behaviour of existing consumers rather than acquiring potential new consumers. When consumers are already familiar with a system and having already resolved any trust issues concerning online shopping, factors like perceived usefulness and perceived risk may become more prominent. This finding is consonant with Zimmer et al. (2010) , who pointed out that prior experience with a website can build trust between the website and the user.
The effect of perceived self-efficacy on individual perceptions and behaviour has been studied in many past studies (Dash & Saji, 2008; Hernández et al., 2011; Lian & Lin, 2008; Lin, 2007) . Online shopping can only evolve and succeed if consumer's acceptance, satisfaction and frequency of use of online shopping are high. In our study, the results clearly demonstrated that perceived selfefficacy had a positive influence on purchase intention, demonstrating that it is a significant contributor even for existing online shoppers. This means that online users' purchase intention is fostered by their perception of how easy and convenient it is to use desktops and laptops for the purpose of online shopping. Hence, online vendors should place particular emphasis on ensuring that online websites have easy-to-use interfaces, fast search options, easy navigation through webpages and easy-to-find shopping assistance, in order to have satisfied consumers and increase their lifetime value through long-term purchase behaviour.
In our study, attitude and subjective norm are relegated to the least significant contributors. In previous studies, attitude and subjective norms have been found to be important determinants of online shopping behaviour and these factors directly affect intention (Amaro & Duarte, 2015; Forsythe et al., 2006; Hernández et al., 2011; Taylor & Todd, 1995; Zimmer et al., 2010) . In sync with previous studies, this research also establishes the causal relationship between intention and usage behaviour (Lin, 2007; Taylor & Todd, 1995; Venkatesh & Davis, 2000; Zimmer et al., 2010) . The study's major original contribution was the analysis of the moderating effect of product type on the online medium. The moderation role of product type was confirmed in the analysis of relationship between perceived usefulness and purchase intention. The results indicate that consumers perceive more usefulness and benefit while shopping for electronics items online than shopping for fashion items. It is possible, however, that this moderating behaviour is more prominent for online consumers shopping through desktops and laptops and that it differs for buyers using smartphones. Online buyers shopping through the online medium (desktops and laptops) may find online shopping for electronics more worthwhile than fashion for two reasons: first, due to high average expenditure on electronics than fashion products, and second, due to the higher importance of touch-and-feel aspect for fashion products compared to electronics. The observation is consistent with Chiang and Dholakia's findings (2003) that online purchase intention is higher for "search goods" than for "experience goods". Our moderation finding is also consistent with the findings of other studies (Girard et al., 2002; Klein, 1998; Moon, Chadee, & Tikoo, 2008) stating that online shopping is more appropriate for search goods compared to experience goods, which implies that e-commerce vendors need to explore new multitude of innovations offering personalization and innovativeness for improving the purchase experience of experience goods like fashion (Escobar-Rodríguez & Bonsón-Fernández, 2016).
Implications for practice
The present study provides a lot of practical insights for online vendors and their managers in the Indian context. As consumers overcome the stage of initial adoption and start to recognize the advantages of online shopping, it becomes imperative for the e-commerce players like Amazon and Flipkart to engage these consumers with outstanding online user experience. As suggested by the results of this study, online retail companies should focus on increasing the perceived usefulness of online shopping experience for the e-shoppers. According to the latest Akamai Report (2017) on online Web performance, a 100 ms delay in website load time lowers the conversion rate by 7%. Hence, it is important for the online retail companies to provide seamless and reliable Web experience to its consumers. There have been episodes of server failures and other technical issues with Flipkart and Amazon on many flash sale days. These kinds of service failures need to be minimized for e-commerce to be accepted in the long term. In addition, e-commerce players should increase their investments in artificial intelligence (AI) technologies to provide more customized and personalized online experience to the consumers using smart and predictive analytics. AI technologies can help in simplifying image search, automated meta-tag generation and real-time recommendation about products that will grab consumer attention and engage them for longer. With the vast repository of shopping and other data, AI technologies can solve a host of problems for e-retailers through language translation, automated answering of consumer queries, product recommendations, product search and future purchase predictions. With digital devices, cloud computing and social media, online sellers have an unprecedented opportunity for growth, which can be achieved by engineering enhanced customer experiences.
Online retailers, especially mass online retailers like Flipkart and Amazon, stand to benefit from boosting their platform's perceived usefulness for fashion products. New technologies such as virtual walls and virtual mirrors can play a big role in improving the retail customer experience, thereby encouraging boosting perceptions. Virtual mirrors let shoppers "try on" clothes and accessories virtually before making buying decisions. In addition to adopting the right technologies, these retailers need to adapt their business models to provide an omni-channel experience to the consumers. This will entail integrating the strong aspects of in-store experience (measurements, touch-and-feel, guided shopping, etc.) with those of online channel (comparison shopping, ordering, delivery, etc.) (Sopadjieva, Dholakia, & Benjamin, 2017) .
In respect of perceived risk, online vendors should implement strategies that guarantee riskless online payment processing and risk-free online shopping experience. As suggested by Collier and Bienstock (2006) , online vendors should give paramount importance to three aspects of order delivery: timeliness of the order, accuracy of the order and condition of the order. In addition to order fulfilment, e-commerce retailers should also devise a mechanism for secure transactions by employing safe and reliable security systems and educate consumers about different evolving payment technologies like mobile wallets, unified payment interface (UPI), SSL protocols in payment systems, multi-tier authentication, real-time PIN generation and security approval symbols on websites so that consumers are encouraged to shop again in future (Zendehdel et al., 2015) . In addition, safety and privacy of the consumer's personal and financial information have to be ensured so that these issues are the least of consumers' worries.
Finally, to ensure continued success of the yet-evolving e-commerce ecosystem, it is essential to involve all stakeholders-consumers, marketers, sellers, website managers as well as developersin the service or product development. A customized and personalized online shopping experience will be the face of future e-commerce services, and online vendors need to build innovative service offerings using advanced technologies. Other than the metropolitan cities, new consumer base is spreading across tier 2 and tier 3 cities in India and e-commerce companies should target this untapped market by executing effective and near-real-time marketing campaigns. According to the 2011 Indian census, cities having a population of more than 4 million are classified as metropolitan cities; cities with a population of above 1 million are known as tier 2 cities; and cities with a population of at least 1 lakh are categorized as tier 3 cities (India Census report, 2011).
Limitations and directions for future research
Despite following rigorous research methods and statistics in this study, there are several limitations to this study, and they should be addressed in future studies. The first obvious limitation is its small sample size. Though the sample size is adequate for applying SEM as per existing literature, there is a possibility that it might not completely represent the vast Indian online population. Therefore, there can be a potential bias in the results and that may affect the extent to which these findings are generalizable. Future researchers are recommended to conduct data collection using random sampling from a large diverse population.
Since this research is a cross-sectional study that analyses data collected from a representative subset of population at a specific point in time, it could at best provide a snapshot of online consumer intention and behaviour at a single point in time. This study cannot comment on the understanding of changing intention and behaviour of online consumers over time. Therefore, future researchers may undertake longitudinal studies gathering data from the same respondents repeatedly over a time period. The findings from such studies would not only help in formulating an effective model capable of predicting beliefs and behaviour over time, but also enhance our understanding of the causality and the interrelationships between variables. In this research, moderating effects of the product type are examined on the proposed model in the online environment of desktops and laptops. More research can be conducted to examine the moderating effect of product type in the mobile environment, or moderating effect of demographic variables like education level, gender or age. These studies will help in unravelling India-specific challenges and directions for future growth of e-commerce players.
